Indonesia is the world's fourth most populous country, host to striking levels of human diversity, regional 35 patterns of admixture, and varying degrees of introgression from both Neanderthals and Denisovans. 36 However, it has been largely excluded from the human genomics sequencing boom of the last decade. 37 To serve as a benchmark dataset of molecular phenotypes across the region, we generated genome-wide 38 CpG methylation and gene expression measurements in over 100 individuals from three locations that 39 capture the major genomic and geographical axes of diversity across the Indonesian archipelago.
Introduction 6
In parallel, we extracted whole blood DNA from all individuals included in the RNA sequencing data 133 using Gentra® Puregene® for human whole blood kit (QIAGEN) and MagAttract® HMW DNA kit 134 (QIAGEN) according to the manufacturer's instructions. 1 µg of DNA from each sample was shipped to 135 Macrogen, bisulfite-converted and hybridized to Illumina Infinium EPIC BeadChips according to the 136 manufacturer's instructions. Samples were randomized with respect to village and island across two array 137 batches, with three samples processed on both batches to control for technical variation (Supplementary 138 Differential expression analysis 154 All statistical analyses were performed using R v. 3.5.2 19 . We transformed read counts to log2-counts per 155 million (CPM) using a prior count of 0.25, and removed genes with low expression levels by only keeping 156 genes with log2 CPM ≥ 1 in at least half of the individuals from any island, resulting in a total of 12,975 157 genes retained for further analysis. To quantify the effect of technical batch, we included six replicate 158 samples among our sequencing batches. As expected, PCA of uncorrected data suggested the presence 159 of substantial sequencing batch effects in the data (Supplementary figure 1) . However, pairwise 160 correlations between technical replicates were higher than between different individuals from the same 161 village sequenced in the same batch (Supplementary figure 2).
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We applied TMM normalisation 20 Figure 4 ). As above, we used limma to test for differential methylation between sampling 202 sites. We included methylation array batch, age, and the estimated cell type proportions (derived from in probe density associated with gene length that can otherwise bias results 33 ; probes were annotated to 208 genes according to Illumina's manifest for the EPIC array. to cluster the probes. To identify transcriptionally predictive DNA methylation events, MethylMix 233 utilizes linear regression to detect negative correlations between methylation and gene expression levels.
234
Matching DNA methylation and gene expression data from 117 individuals were used in the analysis, 235 and a total of 10,420 genes with matching methylation and expression data were tested. As MethylMix 236 does not output detailed summary statistics of the fitted linear models, we used linear regression to 237 calculate the r 2 and p values for each significant CpG probe cluster and gene pair detected by MethylMix.
238
False discovery rate adjusted p values were calculated using the p.adjust function in base R. 
Differential DNA methylation and gene expression between Indonesian island populations 253
To quantify the gene regulatory landscape in Indonesia, we generated DNA methylation (array) and gene 254 expression (RNA sequencing) measurements from 117 whole blood samples of male individuals living 255 on three islands in the Indonesian archipelago ( Figure 1A ). Our three sampling sites, Mentawai, Sumba, (FDR-corrected ANOVA p = 0.001) and Mentawai (p = 7.4x10 -5 ); PC2 further differentiates Sumbanese 267 and Mentawai (p = 9.0x10 -4 ) and additionally separates Mentawai from Korowai (p = 9.0x10 -7 ). In the 268 gene expression data, Korowai is separated from both Mentawai and Sumba (p = 1.0x10 -7 and 1.5x10 -6 , 269 respectively), whereas PC2 separates Sumba from Mentawai (p = 1.6x10 -4 ).
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We then tested for differences in DNA methylation and gene expression between the three islands, 272 initially without considering the village structure in Sumba and Mentawai ( Mentawai (p = 0.035 and 0.034, respectively), suggesting that Denisovan introgression may impact the 330 expression levels of some genes.
332
Methylation changes are associated with changes in gene expression in a subset of genes 333 To further explore the relationship between DNA methylation and gene expression, we asked how much 334 of the variation we observe in gene expression levels can be attributed to variation in DNA methylation 16 the patterns of differential gene expression between these populations. Taileleu (Tukey HSD, p = 0.001; Supplementary Table 10 ), Wunga and Madobag (p = 0.012), and 364 Anakalang and Taileleu (p = 0.017), but not Anakalang and Madobag (p = 0.101). Of the two Mentawai 365 villages, Taileleu is clearly separated from Korowai by PC1 (p = 1.9x10 -5 ), while Madobag is only 366 weakly separated from Korowai (p = 0.021); in Sumba, PC1 clearly separates Wunga and Korowai (p = 367 0.003), but separates Anakalang and Korowai only weakly (p = 0.033). In the expression data, PC1 368 separates Mentawai (p = 1.0x10 -7 ) and Sumba (p = 1.5x10 -6 ) from Korowai, and PC2 separates Sumba 369 from Mentawai (p = 1.6x10 -4 ). When examining the villages, PC1 separates the Korowai village from 370 the two Mentawai villages Madobag (p = 0.029) and Taileleu (p < 1.0x10 -10 ) and the Sumba villages 371 Wunga (p = 1.0x10 -7 ) and Anakalang (p = 4.0x10 -4 ). PC2 further separates Wunga (p = 0.0035) and 372 Anakalang (p = 0.039) from Taileleu.
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We then repeated our differential expression and methylation analyses between villages. At a log2 FC 375 threshold of 0.5 and an FDR of 1%, we are able to recapitulate the main findings of our island-level 376 analyses, although additional trends emerge (Figure 4, Supplementary Figure 7 ). Detectable differences recapitulating the observations we made at the island level ( Figure 2) . Overall, there appears to be high 383 concordance between genes identified as DE at the island and village level ( Supplementary Figure 8) , 384 with a high degree of correlation between village-and island-level results, as expected (Supplementary We thus focused on genes that exhibit discordant patterns between the villages in an island. DEGs In the absence of whole genome data from our samples, it is challenging to identify whether these signals 441 are also associated with selective signals at the DNA level or driven entirely by environmental 442 differences; neither of these genes has been identified in previous scans of Denisovan introgressions. Indonesian data are unavailable, and our attempts to associate differences in expression or methylation 458 across small geographic scales by using WorldClim data were inconclusive. Unfortunately, it remains 459 difficult to characterize granular levels of regional heterogeneity in disease burden and infection type, 460 yet our results suggest pressures shaping immune response in Indonesia vary at the local level.
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A different study of DNA methylation across rainforest hunter-gatherer and farmer populations in Central
463
Africa showed that methylation captures both population history and current lifestyle practices. However, 464 these two factors impact non-overlapping sets of genes, with differences at immune genes associated 465 with a group's present-day habitat as well as genomic signals of past positive selection 45 . We observe 466 similar trends here; the Korowai occupy an ecological niche akin to that of African rainforest hunter-467 gatherers, whereas the inhabitants of Sumba and Mentawai are village-based agriculturalists. Sumba in 468 particular is host to a network of traditional communities derived largely from pre-existing Papuans, who 469 first arrived on the island ~50,000 years ago, and incoming Asian farming cultures, that reached the 470 island ~4,000 years ago 14 . Today, Sumba retains a low population density and little contact between 471 villages, as reflected in its extensive linguistic diversity 56 . This has resulted in small, isolated populations 472 21 of a few hundred to a few thousand individuals that can be identified genetically between villages roughly 473 10 km apart 14 , making it a near unique study system for examining gene by environment interactions.
475
As we move further into the age of personalised and genomic medicine, understanding how genetics and 476 other molecular phenotypes drive disease risk across diverse populations is of crucial importance to 477 ensure benefits are equitably distributed. Already there has been a dramatic expansion of genomic-based 478 tests that are being deployed to identify the risk of disease. However, these tests are largely built using 
